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Abstract of the Thesis 
Changes in Usage and Perceptions of Effectiveness of Learning Strategies of High School 
Students during a Rigorous Academic Experience 
by 
Emily Een 
Master of Arts in Psychological & Brain Sciences 
Washington University in St. Louis, 2021 
Professor Andrew C. Butler 
Students’ use of effective learning strategies facilitates durable learning and academic success. 
The present research investigates changes in the learning strategies of 2,082 high school students 
in a dual-enrollment program. All students in the current study were participating in the program 
for the first time, and data were collected over one academic year via pre- and post-course 
surveys. It is hypothesized that friction between students’ pre-course learning strategies and the 
strategy usage expected in the learning environment could promote a change in students’ use and 
perceptions of effectiveness of learning strategies. Using latent change score models, we 
investigated changes in students’ use and perceptions of effectiveness of learning strategies, and 
found general trends of small, significant decreases in both use and effectiveness ratings across 
strategies. Additionally, we coded open-ended responses to investigate further how students self-
described changes in their use of strategies, and discussed themes of change such as better, more, 
different, and less. We conclude with a discussion about why students might fail to demonstrate 
an increase in their use of effective strategies, the intricacies of measurement of student learning 
strategy use, and practical implications of the research for improving student learning.
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Chapter 1: Introduction 
Students’ behaviors and beliefs about learning have long interested educational 
researchers, particularly with regard to students’ performance and academic achievement. Many 
studies have identified a number of learning strategies as especially potent for long-term 
retention of information, and the use of such strategies has been associated with durable learning 
and educational success (see Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013, for a 
review). Yet, evidence suggests that when self-regulating their learning, students commonly 
neglect to use these productive strategies in favor of relatively less effective strategies, and they 
may be unaware of which strategies would be most effective (Blasiman, Dunlosky, & Rawson, 
2017; Hartwig & Dunlosky, 2012; Karpicke, Butler, & Roediger, 2009; Kornell & Bjork, 2007; 
McCabe, 2011). Thus, attempts to improve students’ use of learning strategies have great appeal 
for many stakeholders in education, as demonstrated by the countless learning support services 
offered by schools and numerous educational interventions implemented and investigated by 
researchers. However, prior research on students’ adoption of learning strategies indicates that if 
student learning is truly going to improve meaningfully, it is first important to understand 
students’ normative practices and how their use of learning strategies develops and changes in 
response to their learning environment over time.  
 Indeed, the importance of considering students’ growth over time becomes evident when 
considering the structure of modern education. Current school systems must rely, to some extent, 
on the implicit assumption that students’ self-regulated learning will naturally develop and 
become more sophisticated as students progress through increasingly difficult educational 
environments. This assumption is apparent when considering typical patterns in classrooms, 
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namely the evidence that teachers tend to focus their instruction on domain content and rarely 
formally teach students about learning strategies and how to learn (Pomerance, Greenberg, & 
Walsh, 2016). Thus, students are assumed to develop their learning strategies independently. In 
addition, researchers often hypothesize that students must naturally develop more effective 
strategies in response to challenges they encounter in their learning environments. One specific 
example from the student approaches to learning (SAL) perspective is the friction hypothesis 
(Vermunt & Verloop, 1999), which specifies that students may encounter friction between their 
current use of learning strategies and the expectations of novel learning environments. To 
explain briefly, this friction can occur in a constructive manner, catalyzing students’ use and 
development of new strategies that will allow them to succeed in the learning environment. 
 In the following paper, we will discuss prior research on effective learning strategies, 
students’ use of and beliefs about strategies, and students’ longitudinal changes in learning 
strategies. We will incorporate multiple theoretical perspectives and explain their relevance for 
the current study. The research we review will include studies from cognitive psychologists, as 
well as work from the student approaches to learning (SAL) and self-regulated learning (SRL) 
perspectives from educational psychology. Additionally, we will describe an area within 
education that is ripe for research on the development of students’ learning strategies: dual-
enrollment programs. Finally, we will describe the current study, which investigates changes in 
learning strategies of high school students in a dual-enrollment program using a longitudinal, 
observational research design. 
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1.1 Research on Student Learning Strategies 
1.1.1 Cognitive Learning Strategies 
Over the past several decades, learning strategies have constituted a highly researched 
area within the field of cognitive psychology, as well as in the fields of educational psychology 
and education research. Several researchers have reviewed the wider literature and developed a 
collection of learning strategies that have been widely acknowledged as highly effective for 
learning. Researchers have written broad reviews (Dunlosky et al., 2013; Pashler et al., 2007; 
Weinstein, Madan, & Sumeracki, 2018), as well as translated this work into several popular 
books (Agarwal & Bain, 2019; Brown, Roediger, & McDaniel, 2014; Weinstein, Sumeracki, & 
Caviglioli, 2018). Such works promote strategies that have been heavily researched in both 
laboratories and classrooms, using a variety of materials ranging from simplistic lab tasks to 
authentic educational materials. Some of the most commonly included strategies in these broad 
reviews are retrieval practice (or practice testing) versus rereading, and spacing versus massing 
(or cramming). Cognitive psychologists have provided extensive evidence for the benefits of 
retrieval practice over rereading, as well as the benefits of spacing over massing practice (e.g., 
Benjamin & Tullis, 2010; Roediger & Karpicke, 2006).  
 In addition to retrieval practice and spacing, there are several more learning strategies 
pertinent to the current study. Given the vast nature of the extant research and the number of 
strategies relevant for the present research, we will rely on prior reviews of the literature to 
identify both the effective and less effective learning strategies often used by students. Each of 
the included strategies have garnered a substantial amount of empirical support for their 
effectiveness (or lack thereof). Strategies that we consider effective include retrieval practice, 
spacing, elaboration, self-explanation, variability, and outlining. In contrast, we consider 
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rereading and highlighting to be relatively ineffective. In addition, we consider the effectiveness 
of note taking. Note taking is a rather ambiguous strategy, given that its efficacy varies 
depending upon how the learner is utilizing this strategy (Morehead et al., 2019). We will further 
discuss our interpretation of note taking as a strategy in the context of this study below. 
 Although it is helpful to know which strategies are most productive for learning, it is also 
important to understand why these strategies tend to result in better learning. One common thread 
among these effective strategies is that they are effortful, typically more so than their less-
effective counterparts. Moreover, effective learning strategies, broadly speaking, usually 
introduce some level of “desirable difficulty” into the learning that forces the learner to put forth 
greater effort to use the strategy and learn the material (Bjork, 1994).  
 In addition to the vast amount of research examining the relative effectiveness of various 
learning strategies, many studies have investigated the strategies that students use during their 
self-regulated learning. Many of these studies have used surveys in which students self-reported 
their strategy usage, and the majority of this work has focused on college students’ study 
behaviors. Findings from several studies suggest that students tend to over rely on relatively less 
effective strategies, such as rereading, and tend to underutilize effective strategies such, as 
retrieval practice (Blasiman et al., 2017; Hartwig & Dunlosky, 2012; Karpicke et al., 2009; 
Morehead, Rhodes, & Delozier, 2016).  
There are multiple reasons why students might choose to use less-effective strategies 
during self-regulated learning. To start, it is possible that students do not know which strategies 
are more effective or less effective (Blasiman et al., 2017; Karpicke et al., 2009). In support of 
this notion, evidence also suggests that students receive little formal instruction about learning 
strategies in the classroom. This problem is likely compounded by instructors’ lack of awareness 
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of effective strategies, as evidence suggests that instructors are likely to hold similarly flawed 
views of learning strategies (Morehead et al., 2016). Additionally, relatively less effective 
strategies are often more passive in nature, and are likely to build fluency, providing the learner 
with a sense of familiarity with the material without increasing long-term learning (Bjork, 
Dunlosky, & Kornell, 2013). Furthermore, it is possible that students avoid the use of effective 
strategies because more effort is required to engage in these strategies. According to the 
misconstrued effort hypothesis put forth by Kirk-Johnson, Galla, and Fraundorf (2019), the same 
desirable difficulties which make these strategies so effective could mislead learners to mistake 
their greater levels of effort as poor learning. Thus, if students are forced to rely on their own 
intuition about which strategies are best for their learning, they may prefer to use less-effective 
strategies because they “feel” easier and better.  
 Taken together, this evidence of students’ use of ineffective strategies provides a rather 
dismal view of students’ abilities to regulate their own learning. Nonetheless, countless students 
have successfully advanced through various educational systems, and students at all levels 
frequently face learning challenges and find ways to succeed. Much of the prior research 
examining students’ use of and beliefs about learning strategies has focused on data collected at 
only one time point and has included only undergraduate students (e.g., Hartwig & Dunlosky, 
2012; Karpicke et al., 2009; McCabe, 2011; Morehead et al., 2016). It is important to note that 
such prior research does not capture change in students’ learning strategies, and therefore cannot 
portray the full picture of students’ strategy usage as students adjust and respond to their learning 
environment, particularly as changes occur in the environment. Hence, a more diverse, 
longitudinal perspective might assist educators and researchers in gaining a greater 
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understanding of students’ use and development of self-regulated learning strategies, particularly 
as students undergo times of transition.    
1.1.2 Longitudinal Changes: Student Approaches to Learning Perspectives 
The student approaches to learning (SAL) perspective, which has been used mainly in 
European and Australian research, consists of a family of models and has provided a variety of 
studies investigating longitudinal changes in students’ learning during higher education (Lonka, 
Olkinuora, & Mäkinen, 2004; Pintrich, 2004). SAL theory posits that students will adjust their 
approach to learning depending on their perception of the learning context (Marton & Saljo, 
1976). Broadly, studies in this area have examined differing samples of students, used an 
assortment of measures, collected data over differing amounts of time, and resulted in a mix of 
findings.  
Within the SAL perspective, researchers have commonly used a range of measures to 
investigate students’ practices, including the Study Processes Questionnaire (SPQ; Biggs, 
Kember, & Leung, 2001), the Approaches to Studying Inventory (ASI; Entwistle & Ramsden, 
1983), and the Inventory of Learning Styles (ILS; Vermunt & Vermetten, 2004). As discussed by 
Coertjens and colleagues (2013), each of these measures uses distinct vocabulary to label 
elements of student learning, yet many of these classifications are conceptually similar and map 
onto one another. Furthermore, the various models and measures within the SAL perspective all 
retain some semblance of the deep learning and surface learning distinctions originally 
introduced by Marton and Saljo (1976). Generally, researchers recognize deep learning to be 
preferable for achieving greater educational success. For example, the SPQ identifies a deep 
learning approach (i.e., when students use strategies to understand the material in a meaningful 
way) and a surface learning approach (i.e., when students use strategies to memorize the 
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material in a rote manner in order to succeed at a task). Additionally, the ASI identifies a 
meaning orientation, which is comparable to a deep approach to learning, as well as a 
reproducing orientation, which is comparable to a surface approach to learning. Lastly, the ILS 
contains various elements, including the identification of critical processing strategy and 
relating and structuring strategy, which are related to deep learning, and stepwise processing, 
which is related to surface learning. Although important to recognize that there are complex 
distinctions in the various perspectives of these measures, hereafter we will reference only deep 
learning and surface learning strategies for the sake of clarity. Additionally, it should be noted 
that deep learning strategies and surface learning strategies are not a perfect conceptual match 
with the aforementioned effective and relatively ineffective cognitive learning strategies. 
However, for the purposes of this study, we consider deep learning strategies as comparable with 
effective learning strategies due to their desirability for durable student learning, and, 
correspondingly, we consider surface learning strategies as comparable with strategies 
categorized as ineffective. 
 Despite differences in methodology, SAL studies share similar hypotheses: students will 
adjust their learning strategies to adapt as they experience changes in their learning 
environments. Furthermore, according to Vermunt and Verloop (1999), the friction hypothesis 
posits that as students enter a new learning environment, they will experience either congruence 
or friction (see also Coertjens et al., 2017; Vermunt & Vermetten, 2004). Congruence occurs 
when a student’s use of self-regulated learning strategies matches the expectations for strategy 
usage of the new learning environment, and friction occurs when the student’s strategies do not 
match the expectations of the learning environment. According to this hypothesis, friction can 
occur in a constructive or destructive manner. Destructive friction occurs when the learning 
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environment does not require students to employ their already existing strategies, so students do 
not use or develop these strategies. Conversely, constructive friction occurs when students enter 
a new learning environment that requires them to engage in and develop novel strategies to 
succeed. Moreover, when students experience friction, they will need less time to assimilate to 
the new situation if their strategies are more closely matched to the new learning environment 
(Torenbeek, Jansen, & Hofman, 2010). Thus, students should ideally experience challenge as 
they progress through their education, and this challenge should promote student growth by 
catalyzing a change in students’ strategies.  
Although they did not cite the friction hypothesis, Severiens, Ten Dam, and Van Hout 
Wolters (2001) mirrored this idea when they speculated that the tertiary technical education 
students in their study demonstrated greater changes in learning strategy usage than the adult 
education students, because the students in the former group were undergoing a relatively greater 
transition in their educational careers. Similarly, Zeegers (2001) contended that the nature of 
student learning is “dynamic” and is likely altered as a reaction to changes in the learning 
environment. Likewise, although Watkins and Hattie (1985) did not put forth a specific theory to 
explain the expected change in learning strategies of tertiary students, they stated that 
progressing through tertiary education would require students to gain a deeper level of 
processing, quoting Wilson (1981), ‘Developing a depth approach may be a condition of 
academic survival!’  
A few examples of studies focused on longitudinal changes in students’ learning provide 
an illustration of the variety of methods and findings in this area of research. For example, 
Watkins and Hattie (1985) examined 540 Australian college students over three years using the 
ASI. They noted that although there was some variation within the sample, overall there was 
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little evidence for an increase in deep learning over the course of the study. Similarly, Zeegers 
(2001) studied the learning of 200 science students over two and a half years in an Australian 
university via the SPQ, and found that students favored surface learning strategies over deep 
learning strategies, and they generally did not increase their use of deep learning strategies over 
time. However, Zeegers did note that there were fluctuations in use of surface and deep learning 
strategies within the multiple waves of data collection. Comparatively, Severiens, Ten Dam, and 
Van Hout Wolters (2001) investigated the learning of 191 adult secondary education students 
and 271 tertiary technical college students over half a year via the ILS. They concluded that both 
groups demonstrated a decrease in surface learning, but only the tertiary technical college 
students demonstrated an increase in deep learning. Finally, and of particular relevance to the 
current study, in a unique study of students in Belgium, Coertjens and colleagues (2017) 
examined changes in learning strategies of students as they transitioned from secondary school to 
higher education. Via the ILS, Coertjens and colleagues collected five waves of data over an 18-
month period, starting when the students were in their final year of secondary school and 
continuing until students began their second year in a postsecondary institution. The researchers 
hypothesized that students would demonstrate an increase in deep learning, citing the friction 
hypothesis. The results of the study indicated that students demonstrated a noteworthy increase 
on all scales, including both deep and surface learning strategies, during their initial transition to 
higher education, which they termed a “transition jump.” 
For each of the studies described here, the researchers speculated that the students’ 
strategy choices were related to the learning environment. Watkins and Hattie (1985) as well as 
Zeegers (2001) speculated that the lack of evidence for students’ improved strategy usage was 
due to students’ perceptions that their learning environments did not require them to learn 
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meaningfully. Correspondingly, Severiens and colleagues (2001) and Coertjens and colleagues 
(2017) discussed how changes in the learning environment were likely catalysts for changes in 
students’ approaches to learning. 
1.1.3  Self-Regulated Learning Theory  
Although the SAL perspective provides the theoretical basis for the aforementioned 
studies, self-regulated learning (SRL) theory provides a nice complement to the SAL 
researchers’ hypotheses. Indeed, although the grain size of studies within the SRL tradition is 
relatively smaller than that of the SAL tradition and SRL is far more prevalent in North 
American research, the SAL and SRL perspectives share similar components, and connecting the 
two can lead to additional insights in research (Coertjens, 2018; Lonka et al., 2004; Pintrich, 
2004). Like the SAL perspective, the SRL perspective consists of a family of models, and studies 
have used a variety of measures to examine student learning, with the Learning and Strategies 
Study Inventory (LASSI) and the Motivated Strategies for Learning Questionnaire (MSLQ) 
being two of the most used measures (González-Torres & Torrano, 2008; Winne & Perry, 2012).  
SRL theory focuses on the systematic organization of a person’s control over their 
cognitive, metacognitive, and motivational components of learning (Pintrich, 2000). An 
overarching hypothesis of SRL theory is that as learners experience change and challenge, they 
will adjust and adapt (Winne & Hadwin, 1998). Furthermore, many theories of SRL include 
several distinct phases (i.e., planning, performance of task, reflection), and emphasize the 
cyclical nature of these phases as the learner moves through an educational experience 
(Panadero, 2017; Puustinen & Pulkkinen, 2001). Students are likely to experience many such 
cycles of SRL throughout a school year. These cycles of planning, performing, and reflecting 
may bring about changes in students’ strategy use and their beliefs about the effectiveness of 
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certain strategies as they attempt to improve in order to meet expectations of the learning 
environment.  
 In summary, researchers generally agree that students are likely to adjust their learning 
strategies over time, and the results of the longitudinal studies often indicate that some sort of 
changes do take place. However, researchers have drawn differing conclusions about exactly 
what these changes are. As previous work has employed a variety of measures, sampled differing 
cohorts of students, and investigated learning over different amounts of time, perhaps it is 
understandable and even expected to see some variation in the findings. Nonetheless, this 
research has focused almost entirely on undergraduate students, so there is a gap in the literature 
in terms of understanding the changes in learning strategies of younger students. In keeping with 
the friction hypothesis and SRL theory, it is reasonable to hypothesize that younger students 
facing learning challenges would be similarly compelled to adjust their learning strategies in 
order to succeed in evolving learning environments.   
1.2  Dual-Enrollment Courses 
One situation in which students are likely to face academic challenge, or experience 
“friction” in their learning environment, is their first experience with courses at the 
postsecondary level. Some researchers have hypothesized that one reason this particular 
transition is especially difficult is that high school education and college education are not 
adequately aligned in the United States, and our secondary institutions do a poor job of 
equipping students to succeed in higher education (Kirst & Venezia, 2004). Over the past several 
decades, one increasingly prevalent strategy for introducing high school students to greater levels 
of challenge and facilitating college readiness has been the development of dual-enrollment 
programs (sometimes referred to as dual-credit or concurrent-enrollment). Dual-enrollment 
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courses are those in which high school students are enrolled in two institutions at the same time 
(i.e., their home high school and a collaborating postsecondary institution), and they may earn 
both high school and college credit for a single course. Students in such programs take college-
level classes online, or in their home high school taught by a specially trained teacher, or on a 
postsecondary campus taught directly by a university professor. The foundation behind this 
arrangement is the belief that allowing high school students to experience college-level work will 
better prepare them to succeed when they enroll as full-time college students. Indeed, research 
has indicated that participating in dual-enrollment courses increase students’ likelihood of 
success at the postsecondary level (Giani, Alexander, & Reyes, 2014; Miller et al., 2018; 
Speroni, 2011a, 2011b). 
Originally, dual-enrollment programs were meant to provide opportunities for academic 
challenge and greater enrichment for top-achieving high school students. In alignment with this 
idea, many states require students to prove college readiness prior to enrolling in dual-enrollment 
programs, thus restricting these opportunities to only advanced students. However, studies have 
indicated that dual-enrollment experiences may be comparatively more beneficial for first-
generation students and students of lower socioeconomic status (An, 2013). Therefore, there has 
been an effort to draw attention to the benefits that dual-enrollment could provide for middle-
achieving students, and a corresponding call to decrease “gatekeeping” of such programs in order 
to broaden access to these valuable opportunities (Zinth & Barnett, 2018). 
 Given the unique nature of dual-enrollment courses, these programs provide a fascinating 
context to investigate the development of students’ learning because students enter a novel, 
rigorous experience, yet maintain the familiarity and support of their high school. Students who 
start a dual-enrollment course for the first time would likely experience a friction between the 
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learning strategies they had previously used and the strategies required to succeed in this 
challenging, new environment. Furthermore, some dual-enrollment courses span an entire 
academic year, and this extended experience of rigor could provide many opportunities for 
students to cycle through the stages of self-regulated learning as they work to improve their use 
of learning strategies to succeed in the novel learning environment.   
1.3  The Current Study 
In the present study, we investigated the changes in learning strategies of high school 
students enrolled in a credit-based transition program following the dual-enrollment model in 
Texas. The students were enrolled in a variety of challenging courses (e.g., pre-calculus, physics, 
rhetoric, etc.). Our study used pre- and post-course surveys to collect data about the frequency of 
students’ use of specific learning strategies, as well as their beliefs about the effectiveness of 
these strategies. Additionally, the post-course survey explicitly asked students whether they had 
changed their learning strategies during the course of the academic year, and prompted them to 
describe the changes if applicable. Given that the majority of prior research on longitudinal 
changes in learning strategies has focused on postsecondary students, this study helps to fill a 
gap in the literature by exploring the learning strategies of high school students. In addition, the 
students’ participation in dual-enrollment courses provides a novel context in which we can 
examine how and why students might adapt their strategies over time.  
  The dual-enrollment program in this study follows an arrangement in which specially 
certified teachers deliver all dual-enrollment courses at the students’ home high school. 
However, both the high school teacher and a coordinating university professor grade the 
students’ work separately and simultaneously. Throughout the semester, students are able to 
compare these two distinct grades in order to understand better the differences in expectations 
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between high school and college. At the end of the semester, students receive two grades for 
each course that they took through the dual-enrollment program: a final high school grade from 
the high school teacher, and a final college grade from the university professor. Then, students 
with eligible college grades can decide whether they want to accept their grade for university 
credit. 
A unique feature of the dual-enrollment program in the current study is a lack of gate 
keeping. As aforementioned, a common aspect of dual-enrollment programs is that only students 
who meet state criteria of “college readiness” are allowed to enroll, and so the students in these 
programs often represent only a high-achieving subset of the broader student population. 
Conversely, the dual-enrollment program investigated in the present study has no requirements 
for proving college readiness prior to students’ participation in the program, which, importantly, 
means that our sample was likely to represent greater diversity with regard to students’ prior 
academic experiences. We therefore expected that students’ academic skills would vary more 
widely upon entering the program.  
Drawing upon SRL and SAL theory, especially the friction hypothesis, we made several 
predictions about students’ learning strategies. First, given the unique context of the dual-
enrollment program, including the maintenance of the supportive high school environment 
throughout the acute challenge of taking college-level classes for the first time, we hypothesized 
that the participants would change their use of and beliefs about their learning strategies over the 
course of the school year. More specifically, extant research suggests that when students 
encountered friction between their previously developed learning strategies and the heightened 
expectations of the new learning environment, they would have to learn to improve their strategy 
usage in order to succeed in their dual-enrollment course(s). Furthermore, the lack of 
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gatekeeping in this dual-enrollment program allowed for greater diversity in students’ academic 
backgrounds prior to the program, so we were less likely to see ceiling effects for using effective 
learning strategies initially. Finally, although the sample was a self-selecting group who chose to 
participate in the dual-enrollment program, which could lead to issues when trying to generalize 
the results to the broader population, the fact that these students opted to enroll in a rigorous 
academic experience indicated that they should be motivated to succeed in these classes, thus 
providing another factor that lent itself to the idea that students would demonstrate increases in 
effective strategy use.  
To provide further specificity for our hypotheses, we generally predicted that students 
would increase their usage of more effective strategies, including retrieval practice, spacing, 
elaboration, self-explanation, variability, and outlining. Correspondingly, we predicted that 
students would decrease their usage of less effective strategies, including rereading and 
highlighting. Given the phrasing of the questions in the surveys, it was difficult to make a 
prediction about the strategy of note taking. Although it is a fairly prevalent strategy, the efficacy 
of note taking as a strategy depends on whether the learner is using effective or ineffective note-
taking techniques (Morehead et al., 2019). The questions posed in the surveys asked only about 
the frequency of note taking, which does not necessarily capture whether students improved their 
technique or not. Consequently, it was likely that note taking would remain a fairly common 
strategy among the students, but this measure did not necessarily capture the important changes 
that may have taken place with regard to this strategy. 
The inclusion of a dichotomous question about changing learning strategies and an open-
ended question about how the students’ learning strategies changed over time provided an 
exploratory component to the current study. Given our general predictions for change in the 
16 
 
students’ usage ratings, we similarly predicted that the majority of students would report that 
they did change their learning strategies over the course of the school year. We did not have 
specific predictions about the students’ open-ended responses about how they changed their 
strategies, so we created our coding scheme using a bottom-up approach and based our codes on 
what we found in the responses. However, a basic prediction was that the open-ended responses 
would mirror our hypotheses for the usage ratings, and students would report improvement in 
their strategy usage. 
 Similar to the learning strategy usage ratings, we predicted that students’ perceptions of 
effectiveness ratings would increase for the more effective strategies (i.e., retrieval practice, 
spacing, elaboration, self-explanation, variability, and outlining) and decrease for the less 
effective strategies (i.e., rereading and highlighting) as they adjusted to being in a more rigorous 
course. As discussed above, note taking is a broad but nuanced strategy which was difficult to 
make predictions about, but ideally students’ rating of the effectiveness of note taking would 
increase because they would become more effective note takers over time.  
 For all strategies, we expected the students’ usage and perceptions of effectiveness 
ratings would be related (i.e., students would generally use strategies that they believed were 
effective and would not use strategies that they believed were ineffective). Accordingly, changes 
in usage ratings and changes in effectiveness perception ratings would be related. However, 
some research has suggested that there are differences between students’ intended study 
behaviors and their actual study behaviors, which indicates that although students plan to use 
strategies that they believe are most effective, the realities of time management and motivation 
may restrict students from actually doing so (Blasiman et al., 2017). Thus, it is possible that 
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students’ ratings for usage and effectiveness for the various strategies would demonstrate only a 
modest relationship.  
 We predicted that changes in usage and perceptions of effectiveness would vary little by 
gender or the dual-enrollment course that they were taking at the time of data collection. 
However, evidence has suggested that students’ grade in school (i.e., junior, senior, etc.) may 
influence their use of learning strategies, so we expected to see older students using more 
effective strategies than younger students. Additionally, students who were first-generation 
college students may have changed their learning strategies more than their continuing-
generation peers, given the possibility that these students had less parental advice regarding 
effective learning strategies for higher education (An, 2013). Consequently, these students may 
have undergone a greater change in their learning environment and needed to change their 
strategies to a greater degree in order to succeed (Severiens et al., 2001). Finally, using the 
college percentage grade as a performance measure, we predicted that changes in students’ use 
of effective and ineffective strategies would be related to their performance.   
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Chapter 2: Method 
2.1 Design 
The study used a longitudinal, observational design. Survey data were collected from 
students enrolled in a dual-enrollment program at the beginning and end of the course(s). 
Additionally, the study used a cohort design, as all participants were enrolled in courses in the 
dual-enrollment program during the 2016-2017 academic year. 
2.2 Sample 
The sample consisted of public high school students in Texas who enrolled in the dual-
enrollment program during the 2016-2017 academic year. In order to determine how students’ 
first encounters with the rigor of the dual-enrollment program influence the development of their 
learning strategies, we excluded students who had enrolled in the program in previous years from 
the analyses (n = 216). Additionally, we excluded participants who did not complete both the 
pre- and post-course surveys (n = 3,147), leaving a total sample of 2,082 individual students. The 
students were racially diverse (representative of the state of Texas), and took a variety of dual-
enrollment courses (see Table 1 for demographic and course information). The sample mainly 
consisted of upperclassmen, but also included some lowerclassmen (36.4% seniors, 54.2% 
juniors, 7.7% sophomores, and 1.6% freshman). Additionally, 16.5% of the sample were first-







Table 1 Student demographic information: gender by race and gender by course. 
 
Student Information 
Male Female Other Total 
% (n) % (n) % (n) % (n) 
Race**     
           Hispanic     17% (352)     25% (517) <1% (2)    42% (871) 
White     17% (362)     22% (468) <1% (4)     40% (834) 
Asian     3% (70)     4% (75)   0% (0)       7% (145) 
African American     2% (51)     4% (87) <1% (1)       7% (139) 
American Indian <1% (3) <1% (2)   0% (0) <1% (5) 
Native Hawaiian / Pacific 
Islander 
<1% (2) <1% (2)   0% (0) <1% (4) 
Other / Multi-Racial     2% (37)     2% (46) <1% (1)    4% (84) 
Total 42% (877) 57% (1,197) <1% (8) 100% (2,082*) 
Course     
Pre-calculus    21% (511)   28% (671) <1% (5)     50% (1,187) 
Rhetoric      7% (174)   14% (336) <1% (3)    21% (513) 
Statistics    4% (84)     6% (145)    0% (0)    10% (229) 
Physics      5% (109)     5% (109)    0% (1)      9% (219) 
Geoscience    3% (62)   3% (68) <1% (1)      5% (131) 
Computer Science    4% (89)   1% (27)   0% (0)      5% (116) 
Research Methods <1% (1) 0% (0)    0% (0) <1% (1) 
Total 43% (1,030) 57% (1,356) <1% (10) 100% (2,396*) 
Note. *The total number of courses taken is greater than the total number of students included in the sample because 
some students were enrolled in multiple courses in the program. 
**These are the exact labels that were used to identify race and ethnicity when the surveys were administered. 
Although the researchers would prefer to use differently worded options today, we believe this report should reflect 





2.3.1  Pre- and Post-Course Surveys  
Data were collected through surveys administered at the beginning and end of the 
academic year. Members of the administration of the dual-enrollment program developed the 
surveys to gather information about the students and their experiences in the program.  The 
surveys included questions about a variety of topics related to college readiness and participation 
in dual-enrollment courses, including questions about students’ usage of and beliefs about 
specific learning strategies. For the sake of comparison, it is important to note that these surveys 
did not use one of the established measures from the SAL or SRL traditions (e.g., SPQ, ASI, 
ILS, LASSI, MSLQ). Instead, the approach of these surveys was comparable to many studies by 
cognitive psychologists and asked questions about specific learning strategies. Much research 
has been dedicated to each of the strategies included in the surveys, which consist of a mix of 
empirically-supported strategies and strategies which have been shown to be less effective for 
learning (see Appendix A for the exact wording of the questions related to learning strategies). 
2.3.2 Learning Strategy Usage and Perceptions of Effectiveness  
On both the pre- and post-course surveys, students answered Likert-scale-like questions1 
about their usage and their perceptions of effectiveness of nine learning strategies: retrieval 
practice, spacing, elaboration, self-explanation, rereading, highlighting, variability (i.e., using 
different examples for study or practice), note taking, and outlining. The questions used 
descriptive wording so that the students would understand what each strategy entailed. 
 
_____________________________________________ 
1 We use the term “Likert-scale-like” here to describe these questions because the response options resembled a 
Likert scale, but were not evenly spaced along the scale. (See Appendix A for exact wording of the rating scale.) 
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2.3.3 Dichotomous and Open-Ended Learning Change Questions  
The post-course survey prompted students to answer a dichotomous question of whether 
or not they had changed their learning strategies over the course of the academic year. Students 
who responded “yes” were then prompted to respond to an open-ended question asking them to 
describe how their learning strategies had changed. 
2.3.4 Final College Grade  
The dual-enrollment program administration provided some additional information about 
the students, including their grades for the dual-enrollment course(s) they took during the 2016-
2017 school year. For the current study, we will include students’ final college percentage grades 
as a performance measure. 
2.3.5 Demographic Information  
Students self-reported their demographic information in the surveys, including their grade 
in school, gender, race/ethnicity, and college generation. Students’ race/ethnicity was included in 
the following analyses through the categorization “historically represented” in college settings 
(i.e., white), or “historically underrepresented” in college settings (i.e., Hispanic, Asian, African 
American, American Indian, Native Hawaiian, Multiracial). Thus, we will simply refer to 
“historically represented” students and “historically underrepresented” students for the rest of 
this paper. Students also reported the dual-enrollment course(s) they were enrolled in that year. 
2.4 Statistical Analyses  
2.4.1  Latent Change Score Modeling  
Latent change score (LCS) modeling is a powerful yet flexible technique in structural 
equation modeling. LCS models offer a method of measuring change latently (McArdle, 2009), 
and thus free from measurement error, and can be fit using the lavaan package in R (Rosseel, 
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2012). In the current study, we used LCS models built specifically for two wave longitudinal 
analysis (Kievit et al., 2018). Per Kievit and colleagues (2018), LCS models offer outcomes 
comparable to regression, but offer two additional informative parameters: a variance of the 
change score which provides evidence for whether individuals change heterogeneously, and a 
covariance which indicates whether the change scores are related to the baseline ratings. In order 
to account for missingness and nonnormality in the survey data, the following analyses estimated 
LCS models using full information maximum likelihood and robust standard errors. 
2.4.2  Univariate LCS Modeling  
First, we fitted separate univariate LCS models for both usage and effectiveness ratings 
for each strategy to quantify overall change for the whole sample (see Figure 1). Because these 
models are just identified, we cannot interpret model fit without further information. 
Additionally, with the inclusion of a covariance of the intercept and slope parameters, we can 
examine the extent to which the change scores are dependent on the pre-course ratings.  
 
Figure 1. Univariate Latent Change Score Model. 
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Next, we repeated this process with the inclusion of predictors for baseline rating and 
change, including class year (i.e., freshman, etc.), gender, historical representation, college 
generation, and dual-enrollment course (e.g., pre-calculus, rhetoric). We also included final 
course grade as a percentage as a predictor of change (although not as a predictor of baseline 
ratings). Although educational research often focuses on performance as an outcome variable, 
the focus of this study is change in usage and perceptions of effectiveness for learning strategies. 
Accordingly, the inclusion of grades as a predictor allows us another avenue to explore these 
specific variables. Also, given the likely simultaneous nature of earning grades and changing 
learning strategies over the course of the academic year, combined with the fact that the second 
time point for the survey was after the end of the course, it is logical to consider that the final 
grade as a predictor of change. 
2.4.3  Bivariate LCS Modeling  
Having examined change in each individual domain via the univariate LCS models, we 
next fitted bivariate LCS models to investigate the relationship between the change in usage 
ratings and the change in effectiveness ratings for each strategy. We fitted and compared two 
nested models to determine which model could best explain the relationship of the changes in 
ratings for each strategy. The “Learning” model included no coupling parameters and simply 
looked at the correlation between the change in use ratings and the change in effectiveness 
ratings, implying that students’ initial levels of use and effectiveness did not influence the extent 
to which they changed their rating in the opposite domain (see Figure 2). The “Motivated Usage” 
model included a single coupling parameter from the pre-course effectiveness rating on the usage 
change factor, thus implying that students might have had initial knowledge of the effectiveness 
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of a strategy, but might have lacked the motivation to use it at a correspondingly appropriate 
amount initially (see Figure 3).  
For the bivariate LCS models, we again included class year, gender, historical 
representation, college generation, and dual-enrollment course as predictors of baselines ratings 
and change over time. We again included final college grades as a percentage as a predictor of 
change, but not baseline ratings. 
 
Figure 2. Bivariate Latent Change Score Model (Learning Model). Note: Predictors are excluded 




Figure 3. Bivariate Latent Change Score Model (Motivated Usage Model). Note: The dashed line 
represents the additional parameter accounting for the influence of pre-course effectiveness 
ratings on change in use ratings. Predictors are excluded for visual clarity. 
 
2.4.4  Coding of Qualitative Data  
The author initially reviewed the responses to the open-ended learning strategy change 
question to develop a coding scheme, and then coded all of the responses. Next, the author 
trained another researcher on the coding scheme, and the researcher independently coded all the 
responses. The two coders compared codes for each response, and discussed any differences in 
coding until they reached an agreement. Responses were coded as better, different, more, and/or 
less to reflect how the students described their learning strategies changing throughout the school 
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year. Responses that were coded as better included explicit mention of somehow studying 
“better” or improving study methods (e.g., better study habits, or learning to use a specific 
strategy better). Also, responses were coded as different if the student described including 
something novel, such as introducing a new strategy into their studying. Similarly, responses that 
were coded as more included explicit mention of studying more overall or using a specific 
strategy more. Conversely, responses that were coded as less included mention of studying less 
or using a specific strategy less. Additionally, some responses were labeled as uninterpretable if 
the student did not provide enough information for the coders to understand how the student’s 
strategies changed, or non-response if the student did not provide information to answer the 
question (see Appendix B for further description of codes with examples student responses). 
Some of the responses necessitated the use of only one code, but other responses required two or 
three codes due to the complexity of the changes described by the students.  
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Chapter 3: Results 
3.1 Descriptive Statistics 
The raw scores for the Likert-scale-like learning strategy survey questions are 
summarized in Table 2. For nearly every strategy, the means for both usage and effectiveness 
ratings fell around the middle of the five-point scale. One exception is that note taking had very 
high use rates, particularly on the pre-course survey, which demonstrated the prevalence of the 
strategy. Overall, the general pattern for nearly every strategy was a slight decrease from the pre- 
to the post-course ratings for both use and effectiveness. Compared to the rest of the strategies, 
rereading and highlighting both had slightly larger decreases, and correspondingly had slightly 
lower post-course ratings for both use and effectiveness compared to the rest of the strategies. 
One additional important variable was students’ final college grade as a performance percentage 
(M = 70.29, SD = 17.42).  
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Table 2 Means and Standard Deviations for Learning Strategy Survey Ratings. 
 







Retrieval practice Use + 3.29 (1.18) 3.27 (1.14)  -0.02 
Effect + 3.16 (1.16) 3.26 (1.13) +0.10 
Spacing Use + 3.42 (1.18) 3.15 (1.19)  -0.27 
Effect + 3.52 (1.04) 3.44 (1.07)  -0.08 
Elaboration Use + 3.69 (1.17) 3.45 (1.22)  -0.24 
Effect + 3.82 (0.98) 3.62 (1.07)  -0.20 
Self-explanation Use + 3.84 (1.15) 3.55 (1.19)  -0.29 
Effect + 3.87 (1.06) 3.69 (1.09)  -0.18 
Rereading Use - 3.20 (1.18) 2.73 (1.19)  -0.47 
Effect - 3.23 (1.32) 2.71 (1.06)  -0.52 
Highlighting Use - 3.24 (1.37) 2.77 (1.30)  -0.47 
Effect - 3.44 (1.32) 2.84 (1.11)  -0.60 
Variability Use + 3.66 (1.07) 3.36 (1.13)  -0.30 
Effect + 3.98 (1.00) 3.51 (0.99)  -0.47 
Note taking Use + 4.48 (0.82) 3.88 (1.14)  -0.60 
Effect + 3.94 (0.99) 3.66 (0.98)  -0.28 
Outlining Use + 3.49 (1.29) 3.17 (1.27)  -0.32 
Effect + 3.74 (1.13) 3.37 (1.09)  -0.37 
Note: These means and standard deviations exclude the responses “I don't know what this is” and 
“I don't know.” M = mean; SD = standard deviation. 
 
3.2 Latent Change Score Models 
3.2.1  Univariate LCS Models 
We quantified change for usage and effectiveness for each strategy via separate 
univariate LCS models for usage and effectiveness for each strategy, and initially ran the models 
with no predictors in order to examine overall change for the total sample. With regard to the 
unstandardized change-score intercepts, the models showed an overarching pattern of evidence 
for small but significant decreases in usage and effectiveness ratings for the majority of 
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strategies. Also, the variance of the change scores indicate significant evidence for individual 
differences in change scores for usage and effectiveness across strategies. Additionally, given the 
negative covariance of the intercept and slope parameters across strategies for both usage and 
effectiveness, the results indicate that higher ratings for the pre-course survey were related to 
smaller amounts of change, which is a pattern possibly reflective of a ceiling effect. These results 
are summarized in Table 3. 
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Table 3 Summary of parameters for univariate models for usage and effectiveness for each 
strategy, with no predictors in the model. 
 
                        Parameter SE z p 
Retrieval practice Usage Unstandardized change-
score intercepts 
-.027 .033    -.834   .404 
  Variance of change scores 1.939 .072  26.804 <.001 
  Covariance of intercept and 
slope 
-1.007 .042 -23.690 <.001 
 Effectiveness Unstandardized change-
score intercepts 
 .086     .032        2.694       .007 
  Variance of change scores 1.875 .069  27.349 <.001 
  Covariance of intercept and 
slope 
-.969 .040 -24.173 <.001 
Spacing Usage Unstandardized change-
score intercepts 
-.278 .033  -8.454 <.001 
  Variance of change scores 1.967 .072  27.470 <.001 
  Covariance of intercept and 
slope 
-.979 .043 -22.657 <.001 
 Effectiveness Unstandardized change-
score intercepts 
-.076 .029  -2.667   .008 
  Variance of change scores 1.471 .056  26.138 <.001 
  Covariance of intercept and 
slope 
-.710 .033 -21.398 <.001 
Elaboration Usage Unstandardized change-
score intercepts 
-.238 .032  -7.417 <.001 
  Variance of change scores 1.868 .066  28.096 <.001 
  Covariance of intercept and 
slope 
-.873 .040 -21.561 <.001 
 Effectiveness Unstandardized change-
score intercepts 
-.203 .028  -7.279 <.001 
  Variance of change scores 1.392 .054 25.646 <.001 
  Covariance of intercept and 
slope 
-.608 .032 -18.927 <.001 
Self-explanation Usage Unstandardized change-
score intercepts 
-.288 .032  -9.000 <.001 
  Variance of change scores 1.866 .069  27.029 <.001 
  Covariance of intercept and 
slope 
-.888 .043 -20.714 <.001 
 Effectiveness Unstandardized change-
score intercepts 
-.189 .029  -6.552 <.001 
  Variance of change scores 1.524 .059  25.770 <.001 
  Covariance of intercept and 
slope 
-.734 .036 -20.368 <.001 
Rereading Usage Unstandardized change-
score intercepts 
 -.472 .033 -14.472 <.001 
  Variance of change scores  1.945 .068  28.732 <.001 
  Covariance of intercept and 
slope 
 -.966 .040 -24.071 <.001 




  Variance of change scores  2.161 .068  31.658 <.001 
  Covariance of intercept and 
slope 
-1.382 .040 -34.755 <.001 
Highlighting Usage Unstandardized change-
score intercepts 
 -.474 .034 -13.996 <.001 
  Variance of change scores  2.089 .074  28.299 <.001 
  Covariance of intercept and 
slope 
-1.134 .046 -24.877 <.001 
 Effectiveness Unstandardized change-
score intercepts 
 -.601 .034 -17.459 <.001 
  Variance of change scores  2.228 .067  33.343 <.001 
  Covariance of intercept and 
slope 
-1.366 .040 -33.918 <.001 
Variability Usage Unstandardized change-
score intercepts 
 -.298 .031  -9.713 <.001 
  Variance of change scores  1.715 .062  27.869 <.001 
  Covariance of intercept and 
slope 
 -.786 .036 -22.133 <.001 
 Effectiveness Unstandardized change-
score intercepts 
 -.466 .032 -14.500 <.001 
  Variance of change scores 1.955 .058  33.488 <.001 
  Covariance of intercept and 
slope 
 -.991 .031 -31.568 <.001 
Note taking Usage Unstandardized change-
score intercepts 
-.602 .028 -21.375 <.001 
  Variance of change scores 1.414 .054  26.224 <001 
  Covariance of intercept and 
slope 
-.388 .029 -13.370 <.001 
 Effectiveness Unstandardized change-
score intercepts 
-.288 .033   -8.717 <.001 
  Variance of change scores 2.085 .056  27.090 <.001 
  Covariance of intercept and 
slope 
-1.049 .027 -38.325 <.001 
Outlining Usage Unstandardized change-
score intercepts 
 -.324 .036  -9.050 <.001 
  Variance of change scores  2.329 .082  28.538 <.001 
  Covariance of intercept and 
slope 
-1.188 .049 -24.080 <.001 
 Effectiveness Unstandardized change-
score intercepts 
 -.362 .035 -10.252 <.001 
  Variance of change scores  2.333 .067  34.702 <.001 
  Covariance of intercept and 
slope 
-1.218 .038 -32.085 <.001 




Given the numerous models required to investigate each strategy and the large number of 
predictors included in the models, we were more interested in patterns of significant predictors 
than any single significant result. Overall, dual-enrollment course and class year were generally 
not significant predictors across the models. Gender, historical representation, and college 
generation were significant predictors of both baseline rating and change for a considerable 
number of the models. Final college grade was a significant predictor in several models (seven of 
the 18 models), but the actual estimate for change was very small (~.001) so it is difficult to 
interpret this estimate. Table 4 visually summarizes the results of these predictors for both usage 
and effectiveness models for each strategy, although the full list of predictors (with numeric 
estimates and standard errors) is summarized in individual tables in the appendices (see 
Appendix C). 
Regarding gender as a predictor, female students had significantly, slightly higher rates of 
use at baseline for all strategies except retrieval practice and elaboration compared to male 
students. However, female students also had a significantly greater increase in use for both 
retrieval practice and elaboration compared to male students. Overall, these patterns of 
significance indicate that female students report higher strategy usage rates than male students, 
and consider many of the strategies to be more effective than male students do. (Please note that 
students who reported “other” for gender were, unfortunately, excluded from these analyses due 
to a low n. It seemed inappropriate to draw conclusions about a group of students based on only 
eight data points.) Additionally, historical representation (race/ethnicity) was a significant 
predictor of seven baseline use ratings, indicating that historically-underrepresented students 
reported using strategies slightly more often than their historically-represented peers at baseline. 
This pattern can be seen for both relatively more effective strategies and relatively less effective 
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strategies, possibly indicating that neither group was able to differentiate between effective and 
ineffective strategies better than the other group at baseline. However, historical representation 
was not a significant predictor for change in ratings, indicating that historically-underrepresented 
students are not more likely to change their strategy use or effectiveness ratings compared to 
their historically-represented peers. College generation was a significant, positive predictor for 
change in use ratings for three relatively effective strategies, indicating that first-generation 
students were more likely to increase their use of these effective strategies compared to their 
continuing-generation peers. However, it is interesting to note that there were no significant 
differences between these two groups of students for two of these effective strategies at baseline, 
although for the third effective strategy first generation students did report significantly less use 
of the strategy at baseline. This pattern may indicate that first-generation students may have 
developed higher use rates of some effective strategies compared to their continuing-generation 
peers. Finally, final college grades as a percentage performance were significant predictors of 
change in effectiveness ratings for four relatively effective strategies. This pattern may indicate 
that higher-performing students gained a better understanding of which strategies are effective 
over the course of the academic year, although, interestingly, they did not show increased use for 







Table 4. Summary of predictors for change in usage and effectiveness ratings: Gender, historical representation, college generation, college 
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3.2.2  Bivariate LCS Models  
We examined the relationship between change in usage and change in perceptions of 
effectiveness for each strategy via bivariate LCS models. Overall, the models proved to be a 
relatively poor fit for the data. We compared the Learning model and the Motivated Usage model 
for each strategy via likelihood ratio tests, which consistently indicated that the Learning model 
was a better fit, although the AIC and BIC were typically lower for the Motivated Usage model. 
Thus, the results indicated a lack of support for the hypothesis that baseline knowledge for the 
effectiveness of a strategy influenced the change in use of that strategy, which may have 
indicated a motivation to change strategy usage based on the elevated difficulty of the dual-
enrollment courses. However, these results must be considered carefully, given that the fit tended 
to be relatively poor for both models. The bivariate LCS models did allow us to investigate the 
relationship between change in usage ratings and change in effectiveness ratings. The 
covariances of these two variables indicate that there is a positive relationship between change in 
use and change in effectiveness ratings across strategies. The parameters and fit indices for both 
the Learning model and the Motivated Usage model are summarized in individual tables in the 
appendices (see Appendix D). 
3.3 Dichotomous and Open-Ended Learning Strategy 
Change Questions 
Out of the total sample of 2,082 students, 1,809 responded to the dichotomous question 
about whether or not they changed their learning strategies. There are 635 students who 
responded “no” (35.1% of the total number who responded to the question), and 1,174 students 
who responded “yes” (64.9% of the total number who responded to the question). Students who 
responded “yes” were then prompted to respond to an open-ended question about how they 
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changed their learning strategies. When the researchers coded these responses, 99 responses 
contained indication that the student had not actually changed their strategies. Of the 1,075 
remaining responses, the researchers deemed 172 responses to be uninterpretable/non-responses. 
The researchers coded the remaining 903 responses for general themes of change in learning 
strategies (e.g., more, better, different, less). The most-mentioned category of change was more 
(31% of responses referenced more as their only change in learning strategies), indicating that 
these students believed that they were studying more in general or using particular strategies 
more. The next most frequent category was different (21% of responses referenced different as 
their only change in learning strategies), indicating that these students believed they were 
introducing something different into their learning strategy usage, such as using a previously 
unused strategy. Thirteen percent of responses referenced only changing their learning strategies 
to be better, indicating that students believed they were using better learning strategies, 
achieving better grades, or developing better study habits. A small number of students (2% of 
responses) indicated that they changed their learning strategies only by doing less, indicating that 
students either intentionally used a specific strategy less or perhaps studied less overall. Finally, 
each of these codes could co-occur with one or two others within a single response. Although 
each specific combination of multiple codes was found for a small number of responses, 
combinations of codes were found for 17% of the responses overall. These results for the 




Figure 4. Coding open-ended learning strategy change responses: Occurrence and co-occurrence 




Chapter 4: Discussion 
The current study examines the changes in high school students’ learning strategies during a 
rigorous academic experience in a dual-enrollment program. We hypothesized that students 
would adapt to the novel, academically challenging environment of the dual-enrollment program 
by adjusting their learning strategies in order to succeed in the course. The univariate and 
bivariate latent change score models indicated that for the overall sample, there was evidence for 
small, significant decreases in use and effectiveness ratings for nearly every strategy, although 
there was evidence that students changed heterogeneously over time and several significant 
predictors provided some evidence for patterns of change. However, there were slightly larger 
decreases for rereading and highlighting compared to the relatively more effective strategies 
(rereading usage change intercept: -.47; rereading effectiveness change intercept: -.53; 
highlighting usage change intercept: -.47; highlighting effectiveness change intercept: -.60). 
Additionally, there was a slightly larger decrease for note taking, as well (note taking usage 
change intercept: -.60; note taking effectiveness change intercept: -.29). Therefore, although 
students’ responses indicated that they were using all strategies slightly less overall, it seems that 
they might have been decreasing their use of the relatively less effective strategies slightly more 
compared to the decreased ratings for relatively more effective strategies. Furthermore, bivariate 
models indicated that there was a positive relationship between change in use and change in 
effectiveness ratings, suggesting students do regulate their use of strategies in tandem with the 
development of their understanding of the effectiveness of strategies, to some extent. 
Additionally, over half of the students explicitly reported changing their strategies, and their 
open-ended descriptions of their changes indicated that students adjusted their learning strategy 
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use to study more, differently, or better over time, and may provide evidence for the importance 
of individual differences in changes in learning strategies. 
4.1 Research in Student Learning Strategies 
4.1.1  SRL and SAL Theories for Longitudinal Changes in Learning 
It is important to note that the results of the study not only failed to support our 
hypotheses, but also conflict with SRL theory and the friction hypothesis from the SAL literature 
(Vermunt & Verloop, 1999; Winne & Hadwin, 1998). According to SRL theory, students should 
have had many opportunities to carry out the cyclical processes of monitoring, reflecting, and 
improving upon their learning during this challenging academic experience. Additionally, the 
friction hypothesis posits that the students should have experienced constructive friction between 
their learning strategies and the learning environment as they entered into a difficult, but 
supported, novel academic experience, which should have pushed them to develop their learning 
strategy usage in order to succeed. However, the quantitative results from the current study 
conflict with these theories, as there was no evidence for increased use of any of the learning 
strategies included in the surveys, including for the relatively more effective strategies. 
Furthermore, the quantitative results of the current study do not align with Coertjens and 
colleagues' (2017) findings regarding the “transition jump” during students’ adjustment to higher 
education, which entailed a distinct increase in both surface and deep learning strategies. 
Although the students in the current study were slightly younger than the students who 
demonstrated a transition jump in Coertjens and colleagues’ study, the students’ experiences in 
both studies were relatively similar because all students were experiencing higher education 
courses for the first time. Thus, there is a discord between the current study and some previous 
findings for students’ increase of learning strategies in a challenging academic environment. 
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Although these results of the present study conflict with the aforementioned theories, one 
important consideration is that the friction hypothesis and SRL theory might suggest overly 
optimistic notions about processes of student learning. Indeed, Watkins and Hattie (1985) and 
Zeegers (2001) similarly hypothesized that tertiary school students would show increases in deep 
learning strategies over time as a result of a challenging learning environment, but the results of 
their studies did not support these hypotheses. The researchers of both studies speculated that 
students did not feel the need to develop deep learning strategies to study for their college 
courses, possibly because the learning environment did not necessitate more effective learning 
strategies. Furthermore, the friction hypothesis only directly accounts for the relationship 
between students’ learning strategies and expectations from the learning environment, which 
may be an overly simplistic paradigm for predicting strategy use in authentic classroom settings. 
Considering the multifaceted nature of academic environments and the numerous, nuanced 
motives behind students’ choices, there are many possible factors that influence students’ use of 
learning strategies. 
4.1.2  Cognitive Learning Strategies Research 
The evidence that students failed to increase their use of effective learning strategies over 
time parallels many findings from cognitive learning strategies survey research. The majority of 
these studies examined undergraduate students, thus focusing on the strategies of students more 
advanced than the high school students in the current study. However, many of these studies 
suggest that students tend to over-rely on relatively less effective strategies, and may be unaware 
of which strategies are most effective for learning (Blasiman et al., 2017; Karpicke et al., 2009; 
Morehead et al., 2016). Additional evidence suggests there are several potential reasons that 
learners are unlikely to use effective strategies spontaneously, including misperceptions of more 
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effortful learning as less effective learning, or a lack of belief that the strategy will work for them 
personally (Kirk-Johnson et al., 2019; Yan, Bjork, & Bjork, 2016). For the current study, the 
small, significant decreases across students’ learning strategy use and effectiveness ratings do 
not indicate the development of increased knowledge or use of effective strategies, and thus align 
with the findings from the broader literature. 
4.1.3  Additional Considerations for Changes in Learning Strategies 
It is important to consider additional specific reasons why the students in the current 
study did not show growth in their use of effective learning strategies over time. One possibility 
is that students were generally unmotivated to learn. However, this possibility does not seem a 
very satisfying answer, given that these students were motivated and academically engaged 
enough to enroll in a rigorous program. Additionally, although students’ learning strategy use 
ratings did not indicate high levels of use, the middling scale ratings at least suggest that students 
were engaged in learning because they used all of the learning strategies to some extent. 
Conversely, perhaps the students did not increase their use of effective learning strategies 
much because the students in the study represent a high achieving subset of the overall student 
population, and they were already performing at such a high level that they had no need for 
implementing more effective learning strategies. However, although this subset might consist of 
relatively high-achieving students, their final college grades (M = 70.29) indicate that many 
students did struggle to succeed in these courses and may have benefitted from utilizing more 
effective strategies. As an additional consideration, the average ratings for use and effectiveness 
for all strategies were relatively middling on the Likert-like scale. It is likely that the data reflect 
some ceiling effects with only a five-point scale, but there was some room for increase for the 
majority of students. A final possibility is that students in the dual-enrollment program in the 
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current study did not find the courses to be challenging, and therefore did not feel that the to-be-
learned material required more effective strategies to succeed in the course. However, the final 
college grades again serve as an indicator that many students struggled to succeed in these 
courses. Additionally, the responses to the open-ended learning strategy change question 
frequently included mention that many students did find the dual-enrollment courses to be highly 
challenging. 
4.1.4  Measurement of Students’ Learning Strategies 
Another possible reason the data did not reveal an increase in effective strategies is that 
our survey instrument was simply unable to capture the changes that students made over the 
course of the year. Indeed, over half of the students did explicitly report changing their learning 
strategies in the dichotomous change question, which seems to contradict the indications of little 
change from the Likert-scale-like questions. Indeed, the Likert-scale-like strategy questions 
indicated an overall pattern of small decreases in strategy use, yet 43.63% of the open-ended 
responses included mention of studying “more.” It is possible that the Likert-scale-like questions 
focused only on strategies that did not reflect students’ actual study habits well. Additionally, 
perhaps the survey questions were too broad and administered too infrequently (i.e., only two 
time points) to capture the details of students’ changes in learning strategies during the academic 
year. Students have complex and idiosyncratic systems of learning, and a more nuanced method 
of questioning might elicit answers that are more intricate than a simple increase or decrease in 
frequency of use of specific strategies. 
The qualitative results from the open-ended learning strategy change question hinted at 
some of this complexity of students’ shifting learning systems. This open-ended question is 
unique from many other studies, and offers a window into understanding the changes that 
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students believed they made to their learning strategy usage over time. The coding scheme that 
we used to analyze these responses reveals some of these overarching themes of change in 
students’ studying across the sample. However, our coding scheme could not accommodate the 
variety in depth of the responses, as students’ answers to this question ranged from basic, 
concrete statements to highly complex reasoning for nuanced changes. For example, some 
students simply stated that they studied “more.” Yet, other students described thoughtful shifts 
from an old go-to strategy to a novel strategy that worked better for the course material. 
Additionally, some responses suggested that students believed they were studying “better,” 
including improving their use of a specific strategy (e.g., “I take better notes now”) or 
developing “better study habits.” It is also important to note that regardless of students’ beliefs, it 
is possible that some students changed their studying in ways that were not productive for their 
long-term learning (e.g., “I study better now, because I reread my notes more”). Overall, it is a 
notable consideration that most of these changes are unlikely to be reflected in the results from 
the Likert-like survey questions about frequency of using certain learning strategies.  
Broadly, it is fascinating to consider that many previous studies have investigated 
students’ learning strategies through similar, frequency-of-use or learner-agreement Likert-scale 
questions, yet these questions may not truly capture the nuanced changes that students believe 
they are making in their self-regulated learning. Although many researchers have focused on the 
amount that students use specific strategies, there are a number of other important factors in 
students’ usage of learning strategies. One such factor is the quality of students’ engagement 
with a learning strategy, or their ability to use a strategy well. For example, a student might 
report using retrieval practice frequently because she often uses flashcards to study, but her 
flashcard use might involve immediately reading the back of the card if she does not know the 
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answer, instead of attempting to retrieve the answer. Similarly, another important factor in 
students’ use of learning strategies is students’ understanding of which strategies fit best with the 
to-be-learned material and upcoming assessments. For example, a student might use retrieval 
practice to memorize discrete facts in a novel in his English class (e.g., names of characters, 
dates of events), but he might be better served by using self-explanation to understand the 
overarching plot of the novel. An additional consideration for students’ use of learning strategies 
is that students might learn to use some effective strategies in combination, such as spacing their 
use of retrieval practice over time. Learning to use these two strategies as an effective 
combination would not necessarily mean that a student was increasing her use of either strategy, 
but she might see greater gains in her academic performance by learning to use these strategies in 
tandem as an effective system. To reiterate, none of these important factors in students’ use of 
learning strategies are likely to be reflected in Likert-scale questions about students’ frequency 
of use of learning strategies. Although it can be helpful and important to understand patterns in 
students’ learning in broad strokes, more fine-grain changes by individual students might be key 
to gaining a deeper understanding of students’ development of learning. 
4.2 Limitations and Future Directions 
An important limitation of the current study is that many students from the total potential 
sample were excluded because they did not complete the both the pre- and post-course surveys. 
Of the potential 5,229 students who were first-time participants in the dual-enrollment program, 
3,147 students (60.18% of the total potential sample) were excluded from analyses for this 
reason. An independent t-test revealed a significant relationship between survey completion and 
final college performance percentage. Students who did not complete both pre- and post-course 
surveys had significantly lower grades (M = 61.27%) than their peers who completed both 
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surveys (M = 70.33%, p < .001). Furthermore, chi-square tests of independence indicated that 
there were significant relationships between historically-underrepresented races/ethnicities and 
survey completion, and first-generation status and survey completion. There were significantly 
more students of historically-underrepresented races than would be expected in the group of 
students who did not complete both surveys (χ2 = 5.65, p = .02). Also, there were significantly 
more first-generation students than would be expected in the group of students who did not 
complete both surveys (χ2 = 5.16, p = .02). Thus, the sample used for the analyses was a self-
selected subset of the total population of the program, which could have skewed the learning 
strategy results to reflect the characteristics of this specific subgroup. This sampling bias is 
important to consider when reflecting upon the implications of this study, particularly given that 
we are missing survey data for lower performing students. Although we cannot know what 
results these students’ survey responses would reveal, it is unlikely that these excluded students 
would have shown overall patterns of increases in use of effective learning strategies. However, 
it might be possible that these students would show similar or greater decreases in strategy use, 
compared to their peers who were included in the current study. For the specific dual-enrollment 
program in this study, researchers and leaders within the program are currently investigating 
methods of providing incentives to students to encourage the completion of the surveys, so that 
this potential problem will be alleviated in future work. 
 Additionally, when considering the results and implications of this study, it is important 
to recognize that the students who made up the sample chose to enroll in a rigorous academic 
experience. These students inherently demonstrate a level of academic motivation that might not 
be representative of all high school students. Future work might benefit from examining a group 
of students who are not enrolled in courses in the program, and comparing this group to students 
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who are enrolled in the program (e.g., Giani et al., 2014). Nonetheless, the current study provides 
a novel context and extensive timeframe to investigate the changes in students’ usage and 
perceptions of effectiveness of learning strategies during a challenging learning experience. 
Although this specific context is unique, most learners will encounter academic experiences 
which they find challenging throughout their time as students, and the results of this study can 
provide greater understanding of students’ natural development of strategy usage as they face 
such challenge. 
 Lastly, although the longitudinal design of the current study has provided evidence for 
students’ learning strategy use and perceptions of effectiveness over time, the pre/post nature of 
the survey data only allows a bird’s eye view of the changes that students made throughout the 
year. Future work might benefit from including more waves of data collection throughout the 
school year. Closer tracking of students’ behaviors and beliefs about learning strategies could 
provide rich information about the fluctuations in student behaviors and motivations over various 
key time points, such as during exam preparation, the beginning of a new semester, or when 
students experience specific instances of academic success or difficulty. 
4.3 Conclusions and Practical Implications 
Overall, the results of the study indicate a mix of findings regarding changes in students’ 
use and perceptions of effectiveness of learning strategies. The Likert-scale-like questions 
indicated a general trend of small, significant decreases in ratings for both use and effectiveness 
for the majority of learning strategies. However, over half of the students explicitly reported 
changing their strategies, and the responses to the open-ended strategy change question provided 
qualitative evidence that many students made changes to their learning strategies that were not 
necessarily reflected in the quantitative results. 
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The results and conclusions of the current study have exciting implications for future 
research. Previous work on students’ learning strategies has largely focused on undergraduate 
students, survey responses at a single time point, or short-term changes after an intervention. 
However, little work has investigated how the strategies of students, particularly high school 
students, naturally develop during an extensive, challenging learning experience. One 
implication of this research is that broad survey questions about students’ frequency of use and 
perceptions of effectiveness of certain learning strategies might skim over the intricacies of 
students’ self-regulated learning choices. In order to understand students’ learning more deeply, 
it might be necessary for future work to investigate more complex questions about students’ 
systems of learning, as well as questions about the reasoning for their choices. 
This study also provides important implications for educators and researchers who are 
invested in improving student learning. Our educational system provides little formal strategy 
instruction to students, and thus functions on an assumption that students will independently 
develop better learning strategies as they progress through their educational career. However, the 
results did not indicate that students naturally developed a strong understanding of which 
strategies were most effective, nor did they spontaneously increase their use of effective 
strategies. Thus, one key implication of this work is that students may need a more structured 
and scaffolded approach to developing their use of effective strategies.  There are several 
examples of researchers who are developing such interventions in both laboratory and classroom 
settings, which may provide important methods of helping students to improve their learning 
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Appendix A  
Learning strategy questions on the pre- and post-course surveys. 
 
Likert-scale-like survey questions (pre- and post-course surveys)  
Usage-Rating Question: “How often do you use each of these strategies in your own learning?” 
 
1. Practicing retrieving information from memory without looking at notes or other 
materials (retrieval practice)1 
 
2. Distributing study over time rather than doing it all at once (spacing) 
3. Connecting new material to existing knowledge or experience (elaboration) 
4. Explaining the material in your own words (self-explanation) 
5. Rereading a textbook or other materials over again (rereading) 
6. Highlighting a textbook or other materials to identify important information (highlighting) 
 
7. Studying or practicing with different examples (variability) 
8. Writing down important information (note taking) 
9. Writing out the order and organization of important information (outlining) 
Rating Scale:  
• I don’t know what this means  
• Never  
• Once a month  
• Once a week  













1 Please note that the words in parentheses here are labels provided by the researchers for the purpose of brevity and 
simplification, and did not appear in the original surveys. 
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Effectiveness-Rating Question: “Please rate the effectiveness of each of the following learning 
strategies” 
 
(See above—the same wording for each learning strategy was used for this question as in the 
usage-rating question.) 
 
Rating Scale:  
• I don’t know what it means 
• Not effective at all 
• Slightly effective 
• Moderately effective 
• Very effective 
• Extremely effective 
 
 
Dichotomous change question (post-course survey):  





Open-ended change question (post-course survey):  
“How have the learning strategies that you use to study outside of class changed since the 
start of the school year last fall? Please provide specific examples.” 
 










Appendix B  
Codes for responses to the open-ended learning strategies change question, including 
descriptions and examples. 
 
Code Description Example 
Better Student explicitly reports that they 
somehow studied “better” (better 
studying overall, or used any 
specific strategy “better”), or 
improved (e.g., “more effective”) 
• “better note taking skills” 
• “Improved organization and 
methods.” 
Different Student reports somehow studying 
differently (e.g., using a new 
strategy that would be different than 
strategies they used before, making a 
change from one strategy to another, 
etc.) 
• “My learning strategies has 
changed since the beginning of 
the school year for an example 
before I wouldn't take the time to 
ask any questions about the 
material, but now I do.” 
• “My study strategies have 
changed from highlighting to 
synthesizing information via 
short summaries.” 
More Student reports studying more (in 
terms of more time), or using any 
strategy more 
• “I study a lot more now.” 
• “I use more flashcard and do 
more practice problems to make 
sure I am learning the 
material.” 
Less Student explicitly states that they 
studied less (either studying less 
time, or using strategies less). 
• “While before I was studying 
barely at all, now I don't study 
whatsoever. I don't have any 
examples” 




Student does provide an answer, but 
does not provide enough information 
to understand fully what change 
actually took place, and it would 
require too much guessing to code 
their response with confidence. 
Or, no actual answer is provided; the 
student types gibberish or a clearly 
random response, or does not answer 
the question 
• “They weren't any strategies the 
first semester.” 
• “time management” 






Appendix C  
Predictors for univariate LCS models for usage and effectiveness for each strategy. 
 
Univariate retrieval practice LCS model – with predictors 
 Usage  Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating  3.65 .35   4.00 .34 
ΔUse/Effect -1.32** .46  -1.06* .47 
Predictors      
Gender predicting initial levels -.12* .06   -.05 .05 
Gender predicting Δuse/effect   .22*** .07    .11 .07 
Historical rep. predicting initial levels   .05 .06   -.11* .05 
Historical rep. predicting Δuse/effect  -.01 .07    .11 .07 
College gen. predicting initial levels  -.11 .07   -.17* .07 
College gen. predicting Δuse/effect   .23** .09    .13 .09 
Course: Rhetoric predicting initial levels  -.04 .07    .00 .07 
Course: Rhetoric predicting Δuse/effect   .05 .09   -.09 .09 
Course: Statistics predicting initial levels  -.08 .10   -.08 .09 
Course: Statistics predicting Δuse/effect  -.01 .13    .10 .11 
Course: Physics predicting initial levels  -.08 .01   -.12 .10 
Course: Physics predicting Δuse/effect   .24 .13    .22 .12 
Course: Geoscience predicting initial levels   .17 .12   -.06 .14 
Course: Geoscience predicting Δuse/effect  -.15 .15    .12 .17 
Course: Comp. Sci. predicting initial levels  -.02 .13   -.02 .12 
Course: Comp. Sci. predicting Δuse/effect   .17 .14   -.14 .14 
Class Year predicting initial levels  -.01 .04   -.03 .04 
Class Year predicting Δuse/effect   .03 .06   -.05 .05 
Final college % grade predicting Δuse/effect   .00* .00    .01*** .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 


















Univariate spacing LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating  3.46*** .34  4.21*** .30 
ΔUse/Effect -1.04* .46  -.99* .41 
Predictors      
Gender predicting initial levels  .01** .06  -.03 .05 
Gender predicting Δuse/effect  .17 .07   .12* .06 
Historical rep. predicting initial levels  .01 .06  -.08 .05 
Historical rep. predicting Δuse/effect  .07 .07   .14* .06 
College gen. predicting initial levels -.03 .07  -.12 .07 
College gen. predicting Δuse/effect  .19* .10   .15 .08 
Course: Rhetoric predicting initial levels -.05 .07  -.01 .06 
Course: Rhetoric predicting Δuse/effect  .10 .09  -.11 .08 
Course: Statistics predicting initial levels -.16 .09  -.13 .08 
Course: Statistics predicting Δuse/effect  .13 .12  -.04 .11 
Course: Physics predicting initial levels  .04 .09   .02 .08 
Course: Physics predicting Δuse/effect  .07 .12   .03 .12 
Course: Geoscience predicting initial levels -.01 .13  -.16 .12 
Course: Geoscience predicting Δuse/effect  .06 .16   .07 .13 
Course: Comp. Sci. predicting initial levels -.01 .12  -.09 .11 
Course: Comp. Sci. predicting Δuse/effect -.05 .16   .02 .14 
Class Year predicting initial levels  .05 .05   .02 .04 
Class Year predicting Δuse/effect -.03 .06  -.01 .05 
Final college % grade predicting Δuse/effect -.00 .00   .01*** .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate elaboration LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 3.09*** .33  3.92*** .41 
ΔUse/Effect  -.41 .45   -.92* .29 
Predictors      
Gender predicting initial levels -.12* .05  -.06 .04 
Gender predicting Δuse/effect  .24*** .07   .18** .06 
Historical rep. predicting initial levels  .15*** .06  -.04 .05 
Historical rep. predicting Δuse/effect -.08 .07   .15* .06 
College gen. predicting initial levels  .10 .07  -.15* .06 
College gen. predicting Δuse/effect  .21* .09   .15 .08 
Course: Rhetoric predicting initial levels -.01 .07   .01 .06 
Course: Rhetoric predicting Δuse/effect -.06 .09  -.06 .08 
Course: Statistics predicting initial levels  .02 .09   .01 .08 
Course: Statistics predicting Δuse/effect -.25* .12  -.06 .10 
Course: Physics predicting initial levels  .08 .10   .03 .08 
Course: Physics predicting Δuse/effect  .04 .12   .11 .10 
Course: Geoscience predicting initial levels  .18 .12   .08 .11 
Course: Geoscience predicting Δuse/effect -.14 .13  -.05 .13 
Course: Comp. Sci. predicting initial levels  .14 .12   .06 .10 
Course: Comp. Sci. predicting Δuse/effect -.08 .17  -.19 .12 
Class Year predicting initial levels  .08 .04   .01 .04 
Class Year predicting Δuse/effect  .04 .06  -.02 .05 
Final college % grade predicting Δuse/effect  .00 .00   .01*** .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 










Univariate self-explanation LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 2.81*** .34  3.37*** .31 
ΔUse/Effect  -.40 .48   -.59 .42 
Predictors      
Gender predicting initial levels  .12* .05   .08 .05 
Gender predicting Δuse/effect  .15* .07   .15* .06 
Historical rep. predicting initial levels  .17** .05   .03 .05 
Historical rep. predicting Δuse/effect -.03 .07   .11 .06 
College gen. predicting initial levels -.14* .07  -.10 .07 
College gen. predicting Δuse/effect  .27** .09   .02 .08 
Course: Rhetoric predicting initial levels  .16* .07   .12 .06 
Course: Rhetoric predicting Δuse/effect -.16 .09  -.21** .08 
Course: Statistics predicting initial levels  .07 .09   .02 .08 
Course: Statistics predicting Δuse/effect -.10 .11  -.02 11 
Course: Physics predicting initial levels  .14 .10   .13 .09 
Course: Physics predicting Δuse/effect -.09 .13   .11 .11 
Course: Geoscience predicting initial levels  .10 .13   .12 .12 
Course: Geoscience predicting Δuse/effect -.12 .15  -.25 .13 
Course: Comp. Sci. predicting initial levels  .10 .12   .04 .11 
Course: Comp. Sci. predicting Δuse/effect -.08 .18  -.04 .14 
Class Year predicting initial levels  .04 .04  -.00 .04 
Class Year predicting Δuse/effect  .01 .06   .02 .05 
Final college % grade predicting Δuse/effect  .00 .00   .01*** .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate rereading LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 2.46*** .34   3.41*** .39 
ΔUse/Effect  -.82 .36  -1.53*** .47 
Predictors      
Gender predicting initial levels  .14** .0  -.05 .06 
Gender predicting Δuse/effect  .01 .07   .02 .07 
Historical rep. predicting initial levels  .18*** .05   .12 .06 
Historical rep. predicting Δuse/effect  .02 .07   .07 .07 
College gen. predicting initial levels  .11 .07  -.03 .08 
College gen. predicting Δuse/effect  .00 .10   .12 .10 
Course: Rhetoric predicting initial levels  .03 .07  -.12 .08 
Course: Rhetoric predicting Δuse/effect -.05 .09   .12 .10 
Course: Statistics predicting initial levels  .13 .09  -.26* .10 
Course: Statistics predicting Δuse/effect -.16 .11   .26 .12 
Course: Physics predicting initial levels -.01 .10   .11 .11 
Course: Physics predicting Δuse/effect -.05 .12  -.16 .12 
Course: Geoscience predicting initial levels  .20 .12  -.01 .14 
Course: Geoscience predicting Δuse/effect -.08 .13   .03 .16 
Course: Comp. Sci. predicting initial levels -.16 .13  -.05 .15 
Course: Comp. Sci. predicting Δuse/effect  .37* .15   .14 .15 
Class Year predicting initial levels -.03 .04   .03 .05 
Class Year predicting Δuse/effect  .07 .05   .04 .06 
Final college % grade predicting Δuse/effect  .00 .00   .00 .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate highlighting LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating  .85* .38  1.81*** .39 
ΔUse/Effect -.07 .48   -.44 .48 
Predictors      
Gender predicting initial levels  .85*** .06   .46*** .06 
Gender predicting Δuse/effect -.22** .07  -.12 .07 
Historical rep. predicting initial levels  .32*** .06   .16** .06 
Historical rep. predicting Δuse/effect -.07 .07   .07 .07 
College gen. predicting initial levels  .14 .08   .17* .08 
College gen. predicting Δuse/effect  .12 .09  -.08 .10 
Course: Rhetoric predicting initial levels  .12 .07   .01 .08 
Course: Rhetoric predicting Δuse/effect  .10 .09   .12 .10 
Course: Statistics predicting initial levels  .06 .10   .05 .10 
Course: Statistics predicting Δuse/effect  .02 .13  -.00 .12 
Course: Physics predicting initial levels  .10 .12   .22* .11 
Course: Physics predicting Δuse/effect -.08 .13  -.11 .13 
Course: Geoscience predicting initial levels -.01 .14   .06 .14 
Course: Geoscience predicting Δuse/effect  .27 .15  -.17 .17 
Course: Comp. Sci. predicting initial levels  .03 .14  -.05 .14 
Course: Comp. Sci. predicting Δuse/effect  .10 .16   .18 .16 
Class Year predicting initial levels  .02 .05   .05 .05 
Class Year predicting Δuse/effect -.05 .06   .03 .06 
Final college % grade predicting Δuse/effect -.01** .00  -.00 .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate variability LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 3.25*** .31   4.52*** .29 
ΔUse/Effect  -.11 .43  -1.56*** .44 
Predictors      
Gender predicting initial levels  .13** .05  -.01 .05 
Gender predicting Δuse/effect  .08 .06   .25*** .07 
Historical rep. predicting initial levels  .16*** .05  -.09* .05 
Historical rep. predicting Δuse/effect -.00 .07   .30*** .07 
College gen. predicting initial levels  .09 .06   .04 .06 
College gen. predicting Δuse/effect  .11 .09  -.03 .09 
Course: Rhetoric predicting initial levels -.12 .07  -.00 .06 
Course: Rhetoric predicting Δuse/effect -.05 .08  -.19* .09 
Course: Statistics predicting initial levels -.08 .08  -.06 .09 
Course: Statistics predicting Δuse/effect -.29* .12  -.07 .12 
Course: Physics predicting initial levels -.10 .09   .03 .08 
Course: Physics predicting Δuse/effect  .03 .12  -.04 .12 
Course: Geoscience predicting initial levels -.03 .11  -.19 .11 
Course: Geoscience predicting Δuse/effect  .20 .14   .15 .15 
Course: Comp. Sci. predicting initial levels -.02 .11  -.13 .11 
Course: Comp. Sci. predicting Δuse/effect  .11 .15   .01 .15 
Class Year predicting initial levels  .07 .04  -.01 .04 
Class Year predicting Δuse/effect  .09 .05   .01 .06 
Final college % grade predicting Δuse/effect  .00 .00   .01 .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate note taking LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 3.66*** .25   4.44*** .29 
ΔUse/Effect  -.39 .42  -1.65*** .43 
Predictors      
Gender predicting initial levels   .34*** .04  -.03*** .05 
Gender predicting Δuse/effect   .12 .06    .40 .07 
Historical rep. predicting initial levels   .09* .04  -.06** .05 
Historical rep. predicting Δuse/effect   .03 .06    .19 .07 
College gen. predicting initial levels   .02 .05  -.02 .06 
College gen. predicting Δuse/effect   .04 .08    .05 .09 
Course: Rhetoric predicting initial levels -.05 .05  -.06 .06 
Course: Rhetoric predicting Δuse/effect -.05 .08  -.03 .09 
Course: Statistics predicting initial levels -.02 .06  -.07 .08 
Course: Statistics predicting Δuse/effect -.12 .10  -.06 .12 
Course: Physics predicting initial levels   .05 .07  -.10 .08 
Course: Physics predicting Δuse/effect -.11 .12    .19 .12 
Course: Geoscience predicting initial levels -.02 .08    .01 .10 
Course: Geoscience predicting Δuse/effect   .03 .12  -.05 .15 
Course: Comp. Sci. predicting initial levels -.02 .10  -.11 .11 
Course: Comp. Sci. predicting Δuse/effect -.13 .14    .00 .17 
Class Year predicting initial levels   .06 .03    .01 .04 
Class Year predicting Δuse/effect -.08 .05    .01 .06 
Final college % grade predicting Δuse/effect   .00 .00    .00** .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 





Univariate outlining LCS model – with predictors 
 Usage   Effectiveness 
 Estimate SE  Estimate SE 
Intercepts      
Baseline rating 1.55*** .37   2.91*** .33 
ΔUse/Effect  .94 .51  -.61 .48 
Predictors      
Gender predicting initial levels  .30*** .06   .14** .05 
Gender predicting Δuse/effect  .02 .08   .18* .07 
Historical rep. predicting initial levels  .24*** .06   .05 .05 
Historical rep. predicting Δuse/effect -.08 .08   .07 .08 
College gen. predicting initial levels  .06 .08  -.01 .07 
College gen. predicting Δuse/effect  .14 .10   .13 10 
Course: Rhetoric predicting initial levels -.04 .08   .01 .07 
Course: Rhetoric predicting Δuse/effect  .00 .10   .01 .10 
Course: Statistics predicting initial levels  .18 .10   .04 .09 
Course: Statistics predicting Δuse/effect -.40** .14  -.17 .13 
Course: Physics predicting initial levels  .10 .11   .12 .10 
Course: Physics predicting Δuse/effect -.09 .14  -.12 .13 
Course: Geoscience predicting initial levels  .07 .14   .10 .12 
Course: Geoscience predicting Δuse/effect  .02 .15   .04 .17 
Course: Comp. Sci. predicting initial levels  .22 .13   .23* .11 
Course: Comp. Sci. predicting Δuse/effect -.48** .17  -.24 .16 
Class Year predicting initial levels  .14 .05   .01 .04 
Class Year predicting Δuse/effect -.05 .06   .01 .06 
Final college % grade predicting Δuse/effect -.00 .00   .00 .00 
  Note: SE = standard error; *p < .05, **p < .01, ***p < .001; for gender, ref. = male; for 
historical representation, ref. = historically represented (white); for college generation, ref. = 




Appendix D  
Parameter estimates and fit indices for bivariate LCS models for each learning strategy (usage 
and perceptions of effectiveness ratings). 
 
Bivariate LCS model parameters for retrieval practice 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  3.67 .35   3.67     .35  
ΔUse -1.23** .46  -1.28** .46  
Baseline rating: Eff.  3.99 .34   3.99 .34  
ΔEff.   -.94* .47    -.94* .47  
Covariances       
ΔUse – Baseline rating: Use -0.83 .04  -.91 .04  
ΔUse – Baseline rating: Eff.    -.32 .03  
ΔEff. – Baseline rating: Eff. -0.83 .04  -.85 .04  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.  0.30 .04  .47 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
 0.43 .02  .53 .03  
Fit Statistics       
Df 4  3  
χ2 193.151  101.518  
CFI .847  .920  
RMSEA .151 [.134, .170]  .126 [.106, .148]  
SRMR .032  .025  
AIC 22468.468  22378.835  
BIC 22750.136  22666.137  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for spacing 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  3.45 .34   3.46 .34  
ΔUse -1.00* .46  -1.07* .46  
Baseline rating: Eff.  4.20 .30   4.19 .30  
ΔEff.   -.98* .41  -1.00* .41  
Covariances       
ΔUse – Baseline rating: Use -.81 .04  -.88 .04  
ΔUse – Baseline rating: Eff.    -.26 .03  
ΔEff. – Baseline rating: Eff. -.59 .03  -.60 .03  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff. .30 .03  .42 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
.38 .02  .46 .03  
Fit Statistics       
Df 4  3  
χ2 176.432  102.754  
CFI .853  .915  
RMSEA .144 [.127, .163]  .127 [.106, .148]  
SRMR .031  .025  
AIC 21925.682  21854.005  
BIC 22207.351  22141.307  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for elaboration 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use 3.09 .33  3.09 .33  
ΔUse  -.29 .45   -.37 .45  
Baseline rating: Eff. 3.91 .29  3.92 .29  
ΔEff.   -.81* .41   -.83* .41  
Covariances       
ΔUse – Baseline rating: Use -.72 .04  -.79 .04  
ΔUse – Baseline rating: Eff.    -.20 .03  
ΔEff. – Baseline rating: Eff. -.51 .03  -.53 .03  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.  .36 .03   .44 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
 .43 .02   .48 .03  
Fit Statistics       
Df 4  3  
χ2 109.443  60.852  
CFI .926  .96  
RMSEA .113 [.095, .132]  .097 [.076, .118]  
SRMR .026  .019  
AIC 21496.358  21449.766  
BIC 21778.026  21737.068  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 
criterion; BIC = Bayesian information criterion; *p < .05, **p < .01, ***p < .001 
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Bivariate LCS model parameters for self-explanation 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use 2.82 .34  2.82 .34  
ΔUse  -.17 .48   -.33 .48  
Baseline rating: Eff. 3.37 .31  3.37 .31  
ΔEff.  -.38 .42   -.42 .42  
Covariances       
ΔUse – Baseline rating: Use -.65 .04  -.74 .04  
ΔUse – Baseline rating: Eff.    -.27 .03  
ΔEff. – Baseline rating: Eff. -.54 .03  -.58 .03  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.  .42 .04   .52 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
 .47 .03   .55 .03  
Fit Statistics       
Df 4  3  
χ2 251.353  165.016  
CFI .850  .902  
RMSEA .173 [.155, .192]  .162 [.141, .183]  
SRMR .044  .035  
AIC 21745.621  21661.284  
BIC 22027.289  21948.585  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for rereading 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  2.45 .34  2.45 .34  
ΔUse   -.87 .46   -.84 .46  
Baseline rating: Eff.  3.40 .39  3.41 .39  
ΔEff. -1.55*** .47  -1.54*** .47  
Covariances       
ΔUse – Baseline rating: Use  -.84 .04    -.86 .04  
ΔUse – Baseline rating: Eff.      -.20 .04  
ΔEff. – Baseline rating: Eff. -1.23 .04  -1.25 .04  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.   .37 .03    .50 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
  .40 .02    .45 .03  
Fit Statistics       
Df 4  3  
χ2 124.235  96.186  
CFI .902  .924  
RMSEA .121 [.103, .139]  .123 [.102, .144]  
SRMR .025  .024  
AIC 22943.621  22917.571  
BIC 23225.289  23204.873  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for highlighting 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  .85 .39   .85 .38  
ΔUse -.14 .48  -.04 .48  
Baseline rating: Eff. 1.81 .38  1.81 .38  
ΔEff. -.57 .48   -.55 .48  
Covariances       
ΔUse – Baseline rating: Use   -.94 .04  -1.00 .04  
ΔUse – Baseline rating: Eff.      -.34 .04  
ΔEff. – Baseline rating: Eff. -1.19 .04  -1.22 .04  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.   .38 .04    .60 .05  
Baseline rating: Use –  
     Baseline rating: Eff. 
  .48 .03    .57 .03  
Fit Statistics       
Df 4  3  
χ2 171.371  88.537  
CFI .910  .954  
RMSEA .142 [.125, .161]  .117 [.097, .139]  
SRMR .027  .023  
AIC 23414.324  23333.490  
BIC 23695.993  23620.792  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 






Bivariate LCS model parameters for variability 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  3.25 .31   3.25 .31  
ΔUse  -.14 .43   -.14 .43  
Baseline rating: Eff.  4.52 .29   4.52 .29  
ΔEff. -1.50*** .44  -1.50*** .44  
Covariances       
ΔUse – Baseline rating: Use -.81 .04    -.82 .03  
ΔUse – Baseline rating: Eff.      -.08 .03  
ΔEff. – Baseline rating: Eff. -.98 .03  -1.00 .03  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.  .38 .03    .44 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
 .12 .02    .14 .02  
Fit Statistics       
Df 4  3  
χ2 21.742  14.182  
CFI .976  .985  
RMSEA .046 [.028, .066]  .042 [.022, .066]  
SRMR .011  .009  
AIC 21334.091  21328.530  
BIC 21615.759  21615.832  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for note taking 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use  3.66 .25   3.66 .25  
ΔUse   -.42 .42    -.41 .42  
Baseline rating: Eff. -1.63 .45   4.44 .29  
ΔEff. -1.63*** .45  -1.61*** .45  
Covariances       
ΔUse – Baseline rating: Use  -.44 .03    -.44 .03  
ΔUse – Baseline rating: Eff.      -.09 .03  
ΔEff. – Baseline rating: Eff. -1.03 .03  -1.06 .03  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.  .43 .03    .51 .04  
Baseline rating: Use –  
     Baseline rating: Eff. 
 .05 .02    .07 .02  
Fit Statistics       
Df 4  3  
χ2 46.811  37.093  
CFI .948  .959  
RMSEA .072 [.054, .091]  .074 [.054, .096]  
SRMR .016  .014  
AIC 20270.366  20262.649  
BIC 20552.035  20549.951  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 




Bivariate LCS model parameters for outlining 
 




 Estimate SE  Estimate SE  
Intercepts       
Baseline rating: Use 1.56 .37  1.56 .37  
ΔUse   .92 .51    .94 .51  
Baseline rating: Eff. 2.90 .33  2.90 .33  
ΔEff.  -.57 .48   -.56 .48  
Covariances       
ΔUse – Baseline rating: Use -1.16 .05  -1.18 .05  
ΔUse – Baseline rating: Eff.      -.19 .04  
ΔEff. – Baseline rating: Eff. -1.18 .04  -1.21 .04  
ΔEff. – Baseline rating: Use    0   
ΔUse - ΔEff.   .46 .04    .60 .05  
Baseline rating: Use –  
     Baseline rating: Eff. 
  .25 .02    .30 .03  
Fit Statistics       
Df 4  3  
χ2 30.567  4.781  
CFI .972  .998  
RMSEA .057 [.039, .076]  .017 [.000, .044]  
SRMR .012  .004  
AIC 22903.790  22880.005  
BIC 23185.459  23167.307  
Note: SE = standard error; CFI = comparative fit index; RMSEA = root-mean-square error of 
approximation; SRMR = standardized root-mean-square residual; AIC = Akaike’s information 
criterion; BIC = Bayesian information criterion; *p < .05, **p < .01, ***p < .001 
 
 
 
 
 
 
 
